Introduction
Crossbreeding increases efficiency of livestock production by exploiting heterosis and complementarity be-1 Funded by CAPES-Brasília/Brazil and the Michigan Agric. Exp. Stn. (Project MICL 01822) . We are grateful to I. Misztal for making available Sparsem90 and Fspak90, and to the Brazilian genetic evaluation alliance, "Conexã o Delta G," for providing the Nelore-Hereford data.
to properly model genetic covariances between relatives as clearly specified by Lo et al. (1993) for an additive genetic effects model. A model that includes fixed additive and nonadditive genetic effects with random additive individual deviations is computationally tractable and likely to be satisfactorily parsimonious for the genetic evaluation of multiple-breed populations. Hierarchical Bayes model constructions (Sorensen and Gianola, 2002) effectively combine data and prior information and provide a particularly useful framework for mixed model inference (Hobert, 2000) as necessary for genetic evaluations.
The objectives of this study were 1) to formalize a hierarchical Bayes construction of the multiple-breed animal model derived by Lo et al. (1993) to estimate fixed and random genetic effects when breed and segregation variance components are unknown and 2) to compare the fit of this model with the conventional animal model for simulated data and a data set of postweaning gains on Nelore-Hereford crosses.
Material and Methods

Hierarchical Bayes Model Construction
First Stage. The first stage of the model specifies the conditional sampling density of the n × 1 data vector y = {y j }. Although this development can be readily extended to multiple records per animal, the case of at most one record per animal is presented for pedagogical reasons. The component of the joint density on y due to a single record y j on individual j is y j | β, γ, u, a, σ 2j being determined by genetic effects coefficients for individual j. Using Kinghorn (1980) and Wolf et al. (1995) , the elements of x ′ 2j in column order are as follows: 1) f b , defined as the proportion of alleles from the b th breed and corresponding to γ A b ; 2) f bb′ being the probability that for a randomly chosen locus from an individual j, one allele is derived from Breed b and the other allele is derived from Breed b′, associated with γ D bb′ ; and 3) 2f b f b′ corresponding to γ AA bb′ . Now S represents the sample set of size n of animals having records; typically, n < q because a includes effects for ancestor animals without records. Finally, σ 2 e represents the residual variance, assumed to be homogeneous across breed composition groups.
Second Stage. As with conventional linear mixedmodel specifications, multivariate normal structural prior densities are specified for both sets of random effects, specifically u|σ 2 u ∼ N(0, I t σ 2 u ) and a|ϕ ∼ N(0, G(ϕ)), where I t is an identity matrix of order t. Extending the model to accommodate additional sets of random effects is naturally straightforward. In Bayesian specifications, one might also specify subjective priors on fixed effects, in which case the second stage would also involve the following specifications: β|β o , V β ∼ N(β o , V β ) and γ|γ o , V γ ∼ N(γ o , V γ ) (Sorensen and Gianola, 2002) with β o , γ o , V β , and V γ being known hyperparameters as specified by the data analyst. Alternatively, uniform bounded priors may be considered on β and γ.
The additive genetic variance-covariance matrix G(ϕ) is a function of more than one dispersion parameter in ϕ for crossbred populations. Using Lo et al. (1993) , elements of G(ϕ) can be computed by the tabular method, with the j th diagonal element being determined as is variance due to the segregation between Breed b and b′ or the additional variance observed in the F 2 generation over the F 1 . That is,
defines all the genetic components of variance. Following Quaas (1988) , Lo et al. (1993) showed that the inverse of G(ϕ) can be computed using
where I is an identity matrix, P is a matrix relating progeny to parents and Ω(ϕ) is a diagonal matrix with the j th diagonal element defined as
which is a linear function of elements of ϕ. 
, b = 1, …, B − 1, b′ = b + 1, …, B are specified hyperparameters. Alternatively, bounded uniform priors may be placed on some or all of these variance components (Sorensen and Gianola, 2002) .
Joint and Fully Conditional Posterior Densities. The joint posterior density of all unknown parameters is obtained by the product of the sampling density in Eq.
[1] and all prior densities as specified in the second and third stages. From this joint posterior density, fully conditional densities (FCD) of all unknown parameters/ quantities or blocks thereof necessary to conduct Markov chain Monte Carlo (MCMC) inference are derived in the appendix of this paper.
Simulation Study
A two-breed crossing system simulation study was conducted. Five replicate data sets were generated from each of two populations. In Population I, two breeds had different additive genetic variances with a nonzero segregation variance, whereas Population II had the same two breed crossing design except that the additive genetic variances were equal with zero segregation variance, thereby being genetically equivalent to a single breed population. In Population I, the additive genetic variance of Breed 1 (σ 2 A 1 ) and Breed 2 (σ 2 A 2 ) was set to 100.0 and 50.0, respectively; furthermore, the segregation variance between Breeds 1 and 2 (σ The same breeding design was used for each replicate data set in both populations. First, data were generated on individuals from each of the two base purebreds, P 1 and P 2 , consisting of 240 animals each. Six sires per each base purebred group were randomly selected such that each base sire was mated to 20 base dams of the other breed to produce 120 offspring of the F 1 generation. These matings then generated 240 F 1 animals (120 P 1 sired and 120 P 2 sired) from which 12 sires and 40 dams were then randomly selected. From these animals, six F 1 males derived from P 1 sires were mated to F 1 females (20 total) derived from P 2 sires to produce 120 F 2 individuals and also mated to P 1 dams to produce 120 backcrosses to P 1 (BC 1 ). The other six F 1 males (P 2 sired) were mated to F 1 females (20 in total) from P 1 sires to produce 120 F 2 individuals and to P 2 dams to produce 120 backcrosses to P 2 (BC 2 ). Additionally, 120 BC 1 and 120 BC 2 individuals were obtained by mating, respectively, the six P 1 sires to F 1 dams from P 2 sires and the six P 2 sires to F 1 dams from P 1 sires. At this point, the population comprised 240 individuals of each of the P 1 , P 2 , F 1 , F 2 , BC 1 , and BC 2 breed compositions. In a final stage, six sires and 20 dams from each of the backcross groups and 12 sires and 40 dams from the F 2 group were randomly selected and then all selected males and females were randomly mated, producing additional purebred, F 1 , F 2 , and backcross individuals and an advanced generation of intercross animals with several different breed compositions. The total number of animals was set to 4,000, but the number of animals in each breed composition group was random and unbalanced within each data set. There were approximately 290 animals for each purebred, 350 F 1 , 430 F 2 , 450 animals for each backcross, and 1,650 advanced intercross animals, having the following breed compositions based on expected proportion of P 1 derived alleles (with number of individuals within parenthesis): ¹⁄₈ (90), ¹⁄₄ (240), ³⁄₈ (330) ¹⁄₂ (420) ⁵⁄₈ (330), ³⁄₄ (240), ⁷⁄₈ (90). Note that ¹⁄₄-bred, ¹⁄₂-bred, and ³⁄₄-bred individuals of this advanced generation do not necessarily have the same genetic variances as BC 2 , F 1 /F 2 , and BC 1 individuals, respectively. For instance, a noninbred ¹⁄₂-bred individual derived from a BC 1 × BC 2 mating has a genetic variance Var(a j ) = 90, whereas Var(a j ) = 75 for an F 1 individual and Var(a j ) = 95 for an F 2 individual using Eq.
[2] and the parameters specified for Population I. Inbreeding was avoided in all matings and the gender of each offspring was randomly attributed with equal probability.
A single record on each animal was generated based on a mixed-effects model with simple fixed-effects specifications including an arbitrarily chosen overall mean ( = 100) and an additive but no nonadditive fixed genetic effects (γ A 1 = 25, γ A 2 = 0, γ D 12 = 0, and γ AA 12 = 0). Random effects included an additive genetic effect and a normally, identically, and independently distributed residual effect. The additive genetic effect of an animal j was generated using a j = 0.5a Inference was based on MCMC and two models: the multiple-breed animal model (MBAM) described in this study and a conventional animal model (AM) that assumed equal breed genetic variances with no betweenbreed segregation variance. Uniform bounded priors were utilized for the variance components. The length of chain was G = 60,000 cycles after a burn-in period comprising 10,000 cycles. Samples were saved every 10 cycles. For each variance component, the initial monotone sequence approach (Geyer, 1992 ) was used to calculate effective sample size (ESS), which estimates the number of independent samples with information content equivalent to that contained within the 6,000 dependent samples (Sorensen et al., 1995) .
Pearson and Kendall rank correlations between posterior mean (â j ) and true (a j ) additive genetic effects were used to compare MBAM and AM in terms of ordering animals for selection. In addition, the average a j for animals ranked in the top 10% based on their â j obtained by MBAM and the average a j for animals ranked in the top 10% based on their â j obtained by AM, were computed to assess potential differences in selection response obtained by the two competing models. These quantities were also computed for the top 5% of animals.
Model Choice Criterion. The pseudo-Bayes factor
(PBF) (Gelfand, 1996) was used as the criterion for model choice. The PBF involves the evaluation of the first stage density in [1] for each MCMC sample. For comparing MBAM with AM, the corresponding PBF was determined to be
where p(y j |y (−j) ) MBAM and p(y j |y (−j) ) AM are model specific conditional predictive ordinates for observation y j conditional on all other observations y (−j) . A MCMC approximation for the conditional predictive ordinate for y j , using model M, is obtained by a harmonic mean:
where β (l) , γ (l) , u
, a (l) , and σ
are the post-burn-in MCMC samples for β, γ, a, u, and σ 2 e , respectively, l = 1, 2,…, G.
Application to Field Data
Postweaning gain (PWG) records of Nelore-Hereford cattle under genetic evaluation in Brazil were analyzed to demonstrate a comparison of the MBAM with the conventional AM on field data. From a total of 61,656 PWG records collected between 1974 and 2000 by a largescale breeding program called Conexã o Delta G, a subset of 22,717 records remained after deleting records on animals with uncertain paternity (47.5%), contemporary groups with less than 10 animals (14.9%), and sires with less than five offspring (0.7%). There were 40,082 animals represented in the pedigree file. Animals were raised under extensive pasture conditions in 15 herds and three regions, two of which were tropical and one subtropical. Region 1 comprised two farms located between 14°S and 16°S latitude with 5,410 records (23.8%), Region 2 had three farms located between 21°S and 23°S with 3,110 records (13.7%), and Region 3 had 10 farms located between 30°S and 32°S with 14,197 records (62.5%). The mean PWG was 98.2 kg ± 41.2 across all breed compositions, and breed group-specific means are presented in Table 1 . Ages of calves at weaning ranged from 114 to 300 d with a mean of 208 d, whereas the postweaning test periods ranged from 106 to 483 d with a mean of 280 d.
Animals with records had breed compositions that ranged from purebred Hereford to ⁷⁄₈ Nelore; however, purebred Herefords and F 1 had nearly 90% of the records (Table 1) with no purebred Nelore animals having any records. Dams were mostly represented by purebreds of either breed. Most animals with records in the tropical part of the country (Regions 1 and 2) were F 1 (Table  1) as these herds belonged to Hereford breeders from southern Brazil and Nelore breeders from central Brazil cooperating on the production of crossbred Braford animals.
Nongenetic fixed effects in both models included the main effects of region, gender, length of the postweaning test period, and linear and quadratic age of dam effects, the latter being included to model possible compensatory growth due to age of dam. The elements of γ were specified based on the same epistatic loss model (Kinghorn, 1980) presented earlier for a two-breed scenario, including an additive effect represented by the Nelore breed proportion (γ A 1 ), a Nelore-Hereford dominance effect (γ D 12 ), and an A × A Nelore-Hereford interaction effect (γ AA 12 ). The fixed-effects portion of the model was further augmented to allow for interactions between gender, length of test, and age of dam polynomial effects with breed proportion. Region × breed proportion interaction was initially considered but not eventually modeled owing to multicollinearity problems because nearly all ani- mals with records in Regions 1 and 2 were F 1 , as previously noted. Contemporary groups (herd, year, season, and management subclasses) were modeled as uncorrelated random effects. Due to the lack of objective prior information on this population, bounded uniform priors were adopted on β and γ, and conjugate yet relatively noninformative specifications were adopted on variance components, specifically, The length of the MCMC chain for PWG was 200,000 cycles after 15,000 burn-in cycles, with samples being saved every 10 cycles for both MBAM and AM. Posterior means, modes, key percentiles, and standard deviations of the parameters as well as the ESS were obtained from these samples. Kendall rank correlations were computed between MBAM and AM for posterior means of additive genetic effects based on all animals by breed composition group.
Results and Discussion
Simulation Study
Multiple-Breed Additive Genetic Variances. Posterior means, modes, standard deviations, and 95% posterior probability intervals (PPI) for variance components averaged across the five replicates of Population I as obtained by MCMC using MBAM or AM are presented in Table 2 . The average posterior mean and mode of all variance components obtained by MBAM indicated these point estimates to be essentially unbiased. The bounds of the individual 95% PPI included the true parameter value in 19 out of 20 cases (based on four variance components estimated within each of five replicates), thereby falling within probabilistic expectation. The single additive genetic variance estimated using AM for Population I was slightly greater than the average of the two true values for the breed-specific genetic variances, the deviation being likely due to the nonzero between-breed segregation variance. Considering the complexity of the multiple-breed population structure and the sample sizes in this study, the results in Table 2 indicate that a MBAM analysis based on MCMC reliably infers upon additive genetic variance components in populations consisting of crossbred animals.
The MBAM also adequately characterizes the heterogeneous genetic variability due to different breed groups in the simulated crossbred populations. In Table 3 , the true and the estimated additive genetic variance (σ 2 A ) for different breed groups are presented. The genetic variance of each breed group using the MBAM is a function of breed-specific variances and the segregation variance; for example, assuming no inbreeding, the genetic variance of the F 2 group σ 2 A F 2 is obtained by 0.5σ
and, in general, for breed group g by σ (Lo et al., 1993) , whereas a common genetic variance is attributed to all breed groups in AM.
Model Choice. The PBF was used to compare the MBAM vs. AM for fit of each simulated data set. The PBF for MBAM/AM varied from 9.785 × 10 2 to 3.337 × 10 6 in the five replicates of Population I, thereby being always in favor of MBAM. These results indicate posterior odds ranging between roughly 1,000 and 300,000 in favor of MBAM over AM for model fit to the data. Conversely, when the five data sets from Population II (single-breed scenario) were analyzed, the PBF ranged from 1.163 × 10 −5 to 5.472, thereby being either in favor of AM or inconclusive. Hence, the PBF was either able to correctly choose the right model with certainty or, at 
Predicted Additive Genetic Effects. Kendall rank and
Pearson correlations between posterior mean and true additive genetic effects are shown in Table 4 . In Population I, Kendall rank correlations were higher between MBAM posterior mean and true additive genetic effects than between AM posterior mean and true additive genetic effects for all selection intensities (top 5%, top 10%, or all animals) considered. The differences, however, were small as there was no evidence of a difference (P > 0.05) between the average a j of animals ranked in the top 10% (and 5%) by their â j using MBAM and the average a j for animals ranked in the top 10% (and 5%) by Population I: data generated with different additive genetic variances and a nonzero segregation variance; Population II: data generated with equal additive genetic variances and zero segregation variance. their â j using AM (data not shown). It should be noted, however, that genetic drift and Mendelian sampling likely limit the power of this assessment in a manner similar to an assessment of the effectiveness of markerassisted selection (Dekkers and Hospital, 2002) . There were virtually no differences in rank correlations between models for the data sets generated in Population II. Moreover, Kendall rank correlations between â j obtained by MBAM and â j obtained by AM were high in both Populations I and II. Pearson correlation results follow a pattern similar to that discussed for Kendall rank correlations, having just somewhat larger magnitudes (Table 4) . As expected, the conventional AM and MBAM performed most similarly when breeds had the same genetic variance with no variance due to segregation between breeds as in Population II.
Postweaning Gain Analysis
Model Choice. For the analysis of Nelore-Hereford PWG data, the PBF comparing MBAM/AM was 1.152 × 10 4 . This implies that the posterior odds for the hypothesis that MBAM has a better fit than AM to the data is greater than 10,000, indicating decisive evidence in favor of the MBAM for these crossbred data.
Genetic Fixed Effects. Posterior means and standard
deviations of genetic fixed effects on PWG obtained by MBAM and AM using Kinghorn's epistatic loss parameterization (Kinghorn, 1980) are shown in Table 5 . Inference obtained using either model was similar with mean PWG decreasing as the Nelore proportion increased. As expected, dominance favorably affected PWG whereas additive × additive interaction (i.e., epistatic loss) ad- versely affected PWG. An attempt was made to fit the full two-locus model for fixed genetic effects (Hill, 1982; Wolf et al., 1995) ; however, this analysis was not successful due to extremely high correlations between coefficients of genetic effects ranging from 0.92 between additive × additive (2f 1 f 2 ) and dominance × dominance (f 2 12 ) to a maximum of 0.99 between f 2 12 and additive × dominance (f 1 f 12 ) coefficients. A similar problem was observed by Birchmeier et al. (2002) , who eventually decided on a model with only additive and dominance effects but no epistatic effects. Nonadditive genetic fixed effects are generally difficult to estimate using field data because of confounding and multicollinearity (Klei et al., 1996; Birchmeier et al., 2002) , particularly when various epistatic effects are modeled. Therefore, genetic fixed effects in proposed multiple-breed genetic evaluation systems have generally included only additive and dominance effects (Cunningham, 1987; Klei et al., 1996; Miller and Wilton, 1999; Sullivan et al., 1999) . The specification of prior information on genetic fixed effects, as available from the literature, might be useful for analyses of poorly structured data sets derived from crossbred populations (Quaas and Pollak, 1999) as it mitigates the effects of multicollinearity among genetic effects coefficients. Reliable estimates of dominance effects are available from the literature (e.g., Gregory et al., 1999) , whereas reported estimates of epistatic effects are much rarer (Koch et al., 1985; Arthur et al., 1999) . Our recombination loss specification for γ (Dickerson, 1973; Kinghorn, 1980; Kinghorn, 1987) provides a useful compromise between the full two-locus model (Hill, 1982; Wolf et al., 1995) and currently used additive/dominance models.
The posterior means and 95% PPI for breed composition group effects as obtained by MBAM for the most frequent breed composition groups with records (Hereford, Backcrosses, F 1 , F 2 , and ³⁄₈ Nelore) in Region 3 (between 30°S and 32°S) are presented in Figure 1 . These means were very similar under MBAM and AM, varying from a minimum difference of 0.10 kg for Herefords to a maximum difference of 1.00 kg observed on F 1 . Incidentally, the same mean differences would be observed in the other two regions since interaction between region and breed composition effects was not modeled.
Additive Genetic Variances and Heritabilities. Table 6 presents variance components for PWG estimated by MBAM and AM. The genetic variances obtained for the Nelore and Hereford breeds by MBAM substantially differed in magnitude. Herefords had a posterior mean genetic variance that was almost fourfold greater than that obtained for the Nelore breed with no apparent overlap between the 95% PPI obtained for these parameters (Table 6). Using the conventional AM, a posterior mean intermediate between the Nelore and Hereford posterior mean genetic variances in the MBAM was obtained, as shown in the posterior densities of these variance components (Figure 2) . The posterior mean of the variance due to the segregation between the Hereford and Nelore breeds was about 35.4% of the Nelore posterior mean genetic variance, but represented only 9.9% of the Hereford posterior mean genetic variance (Table 6 ). These percentages were larger than those found for birth and weaning weights of crosses between Angus and Brahman in Florida, ranging from 1.4 to 3.1% (Elzo and Wakeman, 1998) . The magnitude of the segregation variance relative to the Hereford genetic variance (9.9%) was, however, somewhat smaller compared with results obtained for birth weight of Hereford-Nelore crosses in Argentina (16.5%) (Birchmeier et al., 2002) . The Nelore variance was 73.5% of the magnitude of the Hereford variance in birth weight in their study, whereas Nelores had a genetic variance for PWG that was only 27.9% than for Herefords (Table 6 ) in our study. The existence of a scale effect on phenotypic variances, which is observed when groups with larger phenotypic mean have also larger phenotypic variance (Falconer and Mackay, 1996) , could have exacerbated the difference between Hereford and Nelore genetic variances. That is, a homoskedastic residual variance assumption would bias both estimates of breed genetic variances due to the highly negative sampling correlations that exist between their MCMC samples and samples of σ 2 e (data not shown). However, there did not appear to be any evidence of such a scale effect from Table 1. All groups, except F 1 , have somewhat similar phenotypic standard deviations with no apparent variance vs. mean relationship.
Heritabilities for the most prevalent breed compositions in the studied population are presented in Table  7 . Heritabilities were determined by not including the contemporary group variance as part of the phenotypic variance to allow comparisons with previously reported within-herd heritability estimates in which contemporary groups are fitted as fixed effects (Meyer, 1992; Koots et al., 1994; Eler et al., 1995) . The posterior means of the additive heritability (h 
Hereford h 2
A estimate is, however, within the expected range for the extensive production environments in Brazil and is larger than the heritability estimate of 0.16 for yearling weight of Hereford cattle raised on pasture production systems in Australia (Meyer, 1992) . The posterior mean obtained for h 2 A for Nelores was very low and less than the corresponding estimate of 0.16 ob- Table 6 . Posterior mean (PMEAN), posterior standard deviation (PSD), posterior mode (PMODE), 95% posterior probability intervals (PPI), and effective sample size (ESS) of variances estimated for postweaning gain in Nelore-Hereford crosses, obtained by a multiple-breed animal model and a conventional animal model served for yearling weight in another Brazilian Nelore purebred data set (Eler et al., 1995) . Since purebred Nelores were only represented by parents without records in the studied population, it may not be entirely appropriate to compare these two different sets of results owing to, for example, different population structures. As pointed out by one of the reviewers of this paper, other reasons for the low heritability estimates are plausible. For example, selection bias is particularly likely since animals with uncertain paternity were not considered leaving only progeny of AI sires or individually controlled matings. Low heritabilities, however, do not invalidate the model comparisons considered in this study because, if anything, they should diminish differences in model performance between MBAM and AM.
Despite the availability of methodology for inference on multiple-breed additive genetic variances (Elzo, 1994; Birchmeier et al., 2002) , several recently proposed mod- els (Klei et al., 1996; Miller and Wilton, 1999; Quaas and Pollak, 1999; Sullivan et al., 1999) assume that all breeds have the same additive genetic variance with no genetic variance due to segregation between breeds in advanced crosses. One potential advantage of the Bayesian MBAM over the specifications of Elzo (1994) and Birchmeier et al. (2002) is the ability to incorporate prior information on breed-specific and segregation genetic variance components. Even though existing prior information for segregation variances is limited (Elzo and Wakeman, 1998; Birchmeier et al., 2002) , there is exten- sive information available on breed-specific variances (e.g., Meyer, 1992; Koots et al., 1994 ) that could be incorporated through the prior densities specified in the third stage of MBAM. Animal Additive Genetic Effects. Ranking animals for genetic merit and eventual selection is a chief objective in breeding programs. Kendall rank correlations between posterior mean additive genetic effects obtained by MBAM and by AM across all breed groups and for the most frequent breed groups in the data set are presented in Table 8 . The rank correlation across all animals was high, indicating reasonable agreement between MBAM and AM ranks. Nonetheless, because the correlation is not close to 1, there will be some differences between MBAM and AM models when selecting top animals as breeding stock. Ranks were less affected within breed groups than across all animals. This was anticipated due to the different genetic variances (and consequently dispersion of additive genetic effects) that were estimated for each breed composition group under MBAM as opposed to a common genetic variance under the conventional AM. The scatter plots in Figure 3 of the posterior mean additive genetic effects for MBAM vs. AM for Hereford, Nelore, and F 1 provide additional evidence of the difference between models in terms of accommodating the breed group-specific variability of genetic effects; it is apparent from Figure 3 that these breed groups would have different slopes for a linear regression of AM posterior mean genetic effects on MBAM posterior mean genetic effects, and, therefore, the ranks will be more similar within than across the breed groups. Acrossbreed group rank differences are expected to be larger for animals with extreme genetic effects, which are, in general, of greater interest for selection.
Expected progeny differences in a multiple-breed scenario are a function of fixed and random genetic effects (Arnold et al., 1992; Elzo, 1994; Klei et al., 1996; Sullivan et al., 1999) . The coefficients for the fixed genetic effects (additive, dominance, etc.) will depend on the mate's genotype, and, therefore, comparison between candidates for selection should be made for specific breed compositions of the mates. The additive genetic effect corresponds to the general combining ability of the individual and does not depend on the genotype of the mates. The determination of specific combining abilities requires the estimation of nonadditive genetic variances. Even though theory for a full additive and dominance two-breed genetic model is available (Lo et al., 1995) , this model requires a much larger number of variance components to be estimated, up to 25 when inbreeding is present, and thus may be cumbersome for practical applications.
Further Developments and Implementation. Generalization of the MBAM model for the analysis of multipletraits or additive-maternal genetic effects is possible using multiple-breed variance-covariance genetic matrices as proposed by Cantet and Fernando (1995) following Lo et al. (1993) . Another potentially important generalization of the MBAM would be to accommodate situations of residual heteroskedasticity using a structural model as in Foulley and Quaas (1995) .
Due to the computational issues involving MCMC inference, MBAM could be implemented for genetic evaluation of large beef cattle population using an empirical Bayes approach. In this case, variance components could be estimated for a subset of the data on the population of interest using MCMC. The mixed-model equations as from Eq. [A1], in the appendix herein, could then be used to provide empirical best linear unbiased estimates for elements of β and γ and BLUP of u and a for all individuals within the population.
Implications
Multiple-breed genetic evaluations have been previously developed using conventional animal model assumptions, most notably common genetic variances across breed groups and no genetic variance due to segregation between breeds. The multiple-breed animal model is a viable alternative because it specifies the additive genetic variance of each breed composition group to be a function of breed-specific and segregation variances. Accordingly, this model has enhanced flexibility for characterizing the dispersion of genetic merit within breed groups and is demonstrated to be a much better fit compared with the conventional animal model for data on postweaning records derived from multiple-breed groups. A simulation study also demonstrated a somewhat superior performance of the proposed model in terms of ranking individuals in multiple-breed groups for selection; however, the study was not designed to demonstrate a significant effect on genetic gain. was based on a random walk specification (Chib and Greenberg, 1995) with a scaled inverted χ 2 proposal density. A proposal value σ 2* c is generated from a scaled inverted χ 2 distribution with scaling factor equal to the product of the parameter value in the previous cycle σ To improve mixing, v * c was tuned during the burning period such that the acceptance of proposal values was near 40% (Chib and Greenberg, 1995) . The acceptance rate is given by 
